Introduction
Transport planning relies extensively on forecasts of traveller behaviour over horizons of 20 years and above. Implicit in such forecasts is the assumption that traveller's tastes, as represented by the behavioural model parameters, are constant over time. In technical terms, this assumption is referred to as the 'temporal transferability' of the models used to represent travel behaviour. This research seeks to investigate the existing evidence base underlying the assumption of temporal transferability, undertake additional empirical analysis to add to the evidence base, and set out recommendations for practitioners to improve the way they make forecasts of traveller behaviour. Section 2 discusses the motivation for the work in more detail, highlighting why the issue of temporal transferability is an important consideration when applying models to make forecasts of behaviour. Section 3 explores the issue of model transferability. It starts with a discussion of what we mean by model transferability, and draws an important distinction between temporal and spatial transferability. Measures that can be used to assess model transferability are set out, with a discussion of their relative strengths and weaknesses. This section also summarises the findings from a recent literature review to investigate what evidence exists about the temporal transferability of models of mode and destination choice. Section 4 summarises the data used to undertake the transferability analysis. The main dataset is the Transportation Tomorrow Survey (TTS) data, which provides large samples of home-work trips records collected in 1986, 1996, 2001 and 2006 across the Greater Toronto and Hamilton (GTHA) area. This data is supported by highway and transit level-of-service data generated using the Emme software 1 , as well as employment attraction data which has been taken from Census data. Section 5 presents findings from the empirical analysis of the temporal transferability of home-work models for GTHA area. The results from both statistical and predictive tests of transferability are presented. The paper concludes in Section 6 with a summary of findings from the empirical analysis, and then sets out the plans for the remainder of the research.
Motivation
The importance to transport practice of models able to generate accurate forecasts of travel behaviour should not be underestimated. Strategic forecasting models are used by local and national government agencies to forecast demand for existing and planned transport infrastructure, and to test the effectiveness of different policy options. The complexity of this process is further increased by the need to take account of demographic changes as well as changes in the transport infrastructure.
To make these forecasts, the approach that is often followed is to develop crosssectional models that represent a tractable simplification of current behaviour, and then use those models to forecast behaviour. The forecasting problem is further simplified by separating the key travel choice decisions on a given day, typically:
• travel frequency -whether to travel, and if so how many times • mode of travel • destination zone • time of day For each of these choices, separate models are usually developed by travel purpose, as experience has demonstrated that the factors influencing these choices vary according to travel purpose. The focus of this research is on the mode and destination choice decisions, and more specifically on disaggregate models of simultaneous mode and destination choice. In a forecasting context, mode-destination models are used to assess the effectiveness of different policies over forecasting horizons of 20 years and above. These models can include detailed socio-economic segmentation, enabling both a better fit to the estimation dataset, and an ability to predict the impact of trends in the input variables over time, such as increasing car ownership, or ageing of the population. By making forecasts of how the population shifts between socioeconomic segments over time, the impact of trends such as ageing of the population on demand for travel can be assessed. However, forecasting travel demands in this way relies on a significant assumption, namely that the parameters that describe behaviour in the base year can be used to predict future behaviour, an issue that is referred to as transferability, but over recent years this issue has dropped off the radar. An important issue for further research is that it is possible that the model that best explains current behaviour may in fact not necessarily be the best tool for forecasting due to the potential for overfitting. The problem is that if the assumption of transferability is strongly violated, then the forecasts will be subject to error, irrespective of how well the models fit in the base year, how much segmentation they incorporate, and how accurately future model inputs can be forecast. As is clear from the literature review referenced in this paper, the topic of transferability has received less and less attention in recent years, and evidence specific to mode-destination models would be useful to investigate the assumption of model transferability over typical forecasting horizons. Koppelman and Wilmot (1982) provide the following definition of transferability which seems to be the best definition provided in the literature: "First, we define transfer as the application of a model, information, or theory about behaviour developed in one context to describe the corresponding behaviour in another context. We further define transferability as the usefulness of the transferred model, information or theory in the new context."
Transferability

Defining transferability
The first part of this definition can be interpreted quite broadly. For example, applying a model based on principles of utility maximisation assumes that those principles apply in the context in which the model is applied, as well as in the context in which the model is developed. However, the focus of the transferability literature, and of this paper, is on model transferability. That is to say, assessing the ability of models developed in one context to explain behaviour in another context, under the assumption that the underlying behavioural theory on which the model is based is equally applicable in the two contexts.
Temporal and spatial transferability
A key distinction is made in the literature between temporal transferability and spatial transferability. Temporal transferability is concerned with the application of models developed using data collected at one point in time at another point in time, whereas spatial transferability is concerned with the application of models developed using data from one spatial area in another spatial area, and it is not uncommon for models to be transferred over both space and time. Spatial transfers typically involve a transfer sample, a sample of choices observed in the transfer context, which may allow a locally estimated model to be developed for comparison with the model transfer. When a model is applied to forecast behaviour, this is a transfer of the model to a new temporal context. However, unlike many spatial transfers, no temporal transfer sample is available. There is, therefore, an important practical difference between temporal and spatial transfers. Temporal transferability can be assessed, however, by using two datasets collected at different points in time from the same spatial area. Models estimated from the two samples can be compared to make assessments of model transferability, and from these conclusions can be drawn about the temporal transferability of similar models used for forecasting. This is the approach used in the transferability analysis presented in Section 5.
Assessing transferability
As noted above, in a forecasting context testing for transferability is not possible in advance, we are producing forecasts for a future period and by definition the accuracy of these forecasts can only be assessed in the future. However, evidence on the temporal transferability of particular types of models can be produced by looking at historical studies where we can compare the forecasts to what actually occurred in reality. Specifically, temporal transferability can be assessed by using datasets that have been collected at two points in time in the same geographical area. Provided identical, or similar, variables are collected in the two cases, it is possible to use the sets of data to develop identically specified models at both points in time, and make assessments of model transferability. This approach makes the assumption that the actual model type is transferable, and that transferability is only influenced by the specification of the utility function. The measures of transferability used in the literature can be placed into two broad categories. First are statistical tests of the hypothesis of parameter transferability, and were the key measures of transferability employed in the early literature. Many of these tests rely on the availability of a transfer sample, which is used to develop a locally estimated model, and then the transferred model is assessed relative to this locally estimated model. The second category is predictive measures, which are assessments of the predictive ability of a model in the transfer context. Predictive measures can be used to make assessments of model transferability, but they do not necessarily directly measure transferability, and so need to be interpreted with caution.
Statistical tests
A frequently used statistical test in the literature is the Transferability Test Statistic (TTS), which assesses the transferability of the base model parameters b in the transfer context t, under the hypothesis that the two sets of parameters are equal:
(1) where: LLt(βb) is the log-likelihood for the base model applied to the transfer data LLt(βt) is the log-likelihood for the model estimated on the transfer data TTS is χ 2 distributed with degrees of freedom equal to the number of model parameters. It can be seen that this test is the same as the standard likelihood ratio test but applied to pairs of log-likelihood values in a different context. An early example of the application of the test in the context of model transferability is a mode choice transfer study by Atherton and Ben-Akiva (1976) , though the TTS terminology seems to have been coined by Koppelman and Wilmot (1982) . The TTS gives a strict pass/fail test for transferability and would be expected to show a failure of transferability if sufficient data is available. The Transfer Index (TI) was devised Koppelman and Wilmot (1982) , and measures the predictive accuracy of the transferred model relative to a locally estimated model, with an upper bound of one. A reference model is used in the calculation of TI, typically a market shares model in the case of mode choice. Unlike the TTS, the TI does not either accept or reject the hypothesis of model transferability, and is therefore not a statistical test in the strict sense. Rather it provides a relative measure of model transferability. Within a given study area, the TI can be used to directly assess different sets of models. When comparing between different studies, the TI still provides insight if the same reference model specification is used, but does not have a general scale in a formal sense; it is not directly a function of the amount of data available. The TI is the key statistical test of transferability that has been employed in the transferability analysis presented in Section 4. The statistical measures discussed above are concerned with the overall fit to the data, and are the measures that have been used in the literature to assess transferability. It is also possible to analyse differences in individual parameter values, using information on the significance of the parameter in the base and transfer models. For example, the cost and time parameters in a model are key to determining the responsiveness of a model to different policy tests, and so changes in these parameters over time are of particular relevance. Changes in individual parameter value can be calculated using the relative error measure (REM):
Predictive measures
Following an initial focus on statistical measures, predictive measures were increasingly used to assess transferability as the transferability literature developed. For example, Lerman (1981) argued that the early transferability literature had used an over-restrictive definition of transferability, with an overemphasis on statistical tests, and argued that transferability should not be seen as a binary issue, but rather that the extent of transferability should be explored. In the same book, Ben-Akiva (1981) argued that achieving perfect transferability is impossible, as a model is never perfectly specified, and therefore pragmatic transferability criteria are required in addition to standard statistical tests. However, predictive measures need to be interpreted carefully when making assessments of model transferability. In cases where both base and transfer samples are available, then provided both datasets provide accurate samples of individual choices, the ability of the base model to predict choices in the transfer context is a direct test of the transferability of the model.
Review of temporal transferability literature
In Fox and Hess (2010), we presented a review of the existing evidence regarding the temporal transferability of mode-destination choice models over forecasting horizons of 20 years and above. Here we summarise the key findings from that review. Six studies were reviewed that made statistical tests of transferability, these six studies are summarised in Table 1 . These studies are supportive of the hypothesis that mode choice models can be transferred over time, with four of the six studies concluding that the models tested were transferable. In addition, a further four studies were identified that have assessed temporal transferability of mode choice models using predictive tests. These studies are summarised in Table 2 . Some of the validation studies demonstrate the models are able to predict the impact on mode share of substantial changes in level-of-service over short periods. A feature of the evidence base is that much of it is based on short-term forecasts of up to 10 years. However, many transport models are applied over forecast periods of 20 years or more, and it seems reasonable to hypothesise that over longer time intervals, transferability would be less likely to be accepted. That said, the single body of evidence on longer term transferability, the studies from Toronto that developed mode choice models and distribution models, is supportive of model transferability Miller, 1995, and Elmi, Badoe and Miller, 1997 ). An empirical finding from the mode choice studies is that improving model specification improves model transferability. Although the improvements in model specification described are often the addition of socio-economic parameters, this improvement in model performance seems to come about because the improved models provide better estimates of the key cost and time parameters that respond to short-term policy changes. Over a longer term forecasting horizon, substantial changes in the distribution of the population across segments would be expected, and so the findings in terms of model specification may be different, depending on the relative stability of level-of-service and socio-economic parameters over the longer term.
Only two studies of temporal transferability have considered simultaneous models of mode and destination choice-the focus of this particular paper-most of the literature is from mode choice models. Gunn's study found a good level of temporal transferability, but in the Karasmaa and Pursula work three out of four level-ofservice parameters were not transferable. In general the transferability for destination choice may be quite different to the transferability of mode choice. This has important implications when jointly modelling both choices. The dates of the studies are noteworthy, with over half published in the 1970s and 1980s, and with no papers published over the last decade. Clearly research efforts into the issue of model transferability have been limited since the cluster of work in the 1970s and early 1980s. Additionally, the evidence that models of modedestination choice are temporally transferable over forecasting intervals of 20-plus years is extremely limited. Given the importance of such long term forecasts in transport planning, this is a serious shortcoming in the field, and an important area for future research. 1973/74-1975) Parameters stable over short-term
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Mode-destination models, some evidence that transferability may vary with purpose The population of the GTHA has grown significantly between 1986 and 2006, with a 47% increase in the number of households, and a 45% increase in the number of persons. It can be seen that the TTS data provides substantial samples of homework trips for analysis, making it an ideal dataset for making tests of model transferability over transfer periods of up to 20 years. The transferability analysis used home-work trips because the samples of home-work trips in each year of the TTS had already been extracted for previous model development work, and supporting peak-period level-of-service matrices existed to model these home-work trips.
Level-of-service and attraction data
In order to develop models of simultaneous mode-destination choice, level-ofservice (LOS) matrices which provide skimmed travel times for highway and transit modes were required. Because the models represent destination choice, this information is required for both the chosen and unchosen destination alternatives, and therefore matrices defining LOS for each possible combination of origin and destination were required. Fortunately the TTS data has already been used to develop transport models for the GTHA region, and this meant that highway and transit networks had been coded using the Emme software for each of the four years of TTS data used for the transferability analysis (1986, 1996, 2001 and 2006) . As the transferability analysis has been undertaken for home-work travel, the LOS supplied is for peak hour assignments to AM-peak networks. Zonal parking cost information was supplied for downtown zones, which was added to the per-kilometre costs for auto travel. It was assumed that half of workers have to pay for parking, and that the other half of workers have their parking places provided for free by their employer. This is the standard assumption that has been used to develop transport demand models for the GTHA region, and was confirmed by analysis of the 1996 TTS data which demonstrated that for the sample of homework trips to zones with non-zero parking costs, 49.6% of individuals paid for parking. The pay for parking information was not collected in the 1986 data. It was collected in 2001 and 2006 but was not available for this analysis and thus the 1996 figure, which is consistent with the standard modelling assumption for the GTHA region, has been used for all four years of data. For transit, fare matrices were used to define costs. Attraction data by zone was assembled from Census data, which is collected every five years in Toronto (the TTS data was collected in Census years). Total employment has been used as the attraction variable.
5 Transferability analysis
Model tests
A number of papers in the mode choice transferability literature have demonstrated that improving model specification improves model transferability (see in particular Badoe and Miller (1995) , who investigated mode choice models estimated from 1964 and 1986 Toronto datasets). To investigate whether this finding holds for mode-destination models, transferability tests were undertaken for three different model specifications. In specification A, mode and destination choices are explained by cost parameters, level-of-service terms, and destination and mode constants. In specification B, car availability terms are added which are expected to significantly improve the performance of the mode choice model. In specification C, further socio-economic terms to explain mode choice are added 3 . The model specifications were developed on the basis of tests undertaken using the base 1986 data. To investigate changes in cost sensitivity over time, tests were also undertaken starting from specification B 4 , but with log cost only (specification D) and with linear cost only (specification E). Table 4 summarises the five model specifications tested. 'IVT' denotes in-vehicle time. The four modes represented in the model are auto driver (AD), auto passenger (AP), local transit (LT) and walk (WK). Both linear and log cost terms were used drawing on practical experience that using both linear and log terms typically gives a better fit to the data than linear-only or log-only forms, as well as more plausible destination choice elasticities than log-only formulations (Fox et al., 2009 ). This specification allows for a degree of nonlinearity that is in between linear and log-linear specifications, similar to a Box-Cox transform, but is easier to estimate. Structural tests were undertaken using nested logit models to investigate different tree structures for the relative sensitivity of the mode and destination choice decisions. For all years of the TTS data, a model structure with destination choice nested above mode choice gave the best fit to the data. This structure implies there is less error (greater sensitivity) in mode choice than in destination choice for commuting travel in the Greater Toronto and Hamilton area. The structure is illustrated in Figure 1 6 . 
Individual parameters
In order to compare individual parameters between models estimated separately from each year of the TTS data, it was necessary to take account of scale differences between the different models. In order to do this, a specification B model was jointly estimated from the 1986, 1996, 2001 and 2006 TTS datasets 7 . All parameters were jointly estimated across all years of data, except for the cost parameters, which were estimated separately by year in order to take account of changes in cost sensitivity over time. The cost parameters were estimated separately by year because as Appendix A demonstrates there are significant differences in the values of the cost parameters between the models estimated separately for the different years of TTS data. In the scale model run the 1986 scale was fixed to one, so all other datasets are scaled relative to the base 1986 data. The resulting scale parameter estimates are given in (the t-ratios given are calculated with respect to a value of 1). A possible explanation for the pattern of increasing error with time is increased labour market specialisation, and the associated decentralisation of employment away from central areas, which may make it more difficult to explain commuter destination choice. Statistics Canada (2003) have found that the majority of employment growth over recent decades has taken place in suburban municipalities of urban areas, with a 61% increase in employment in these areas between 1981 and 2001 compared to a 7% increase in central municipalities over the same period. Another explanation for the increase in the level of unexplained error over time could be increased income polarisation. Hulchanski (2007) highlighted significant increases in income polarisation in Toronto between 1970 and 2005. Over that period, the share of middle income neighbourhoods decreased from 66% to 29%, whereas the share of low income neighbourhoods increased from 19% to 53%. Furthermore, the location of low income neighbourhoods changed from being predominately in the inner city to being concentrated in the north-eastern and north-western suburbs. A major drawback on the TTS data is the lack of income data, which means that the models developed cannot take account of variation in cost sensitivity with income. The greater the income polarisation the greater the error that will result from assuming the same cost parameters for individuals of all incomes. Habib et al. (2012) analysed the mode shares observed in the 1996, 2001 and 2006 TTS datasets for the GTHA. They calculated a measure of modal entropy using the observed mode shares for each model zone. They observed that on average zonal entropy has decreased between 1996 and 2006, indicating there are more zones where one mode dominates. It is possible that this tendency for one mode to dominate for a given origin zone could make mode choice harder to explain, and thus contribute to the pattern of increasing error with time observed in Table 5 . The scale parameters presented in Table 5 were used to re-scale the parameters from the separately estimated models for 1996, 2001 and 2006 before individual parameters were compared. The large sample sizes mean that most of the parameters in the separately estimated models are precisely estimated, and as a result tests of the significance of the differences in parameter values relative to the 1986 base indicate the parameters to be significantly different in a high proportion of cases, even when the parameters are similar in magnitude. Therefore, the analysis of differences in parameter values has concentrated on differences in parameter magnitude.
The REM measure defined in Equation (3) has been used to calculate the absolute change in individual parameter values relative to the 1986 parameter values. These differences have been calculated separately for the cost terms, the level of service terms, the mode and destination constants, and the socio-economic terms. For each model analysed, average REM values have been calculated for each of these four groups. Table 6 summarises the results obtained. The full results are presented in the Appendix. The socio-economic parameters show relatively small changes over time, a result which is reassuring in terms of individual model transferability. Interestingly, the mean REM measure is larger for the specification C models than for the specification B models. This is because the car availability parameters, the only socio-economic parameters present in specification B, are more transferable than the age and gender parameters introduced in specification C. We might expect the mean REM to 
Statistical tests of transferability
The analysis of changes in the cost parameters discussed in Section 5.2 did not reveal any consistent pattern of changes in cost sensitivity over time. To determine the best approach for adjusting costs to take account of real terms growth in incomes over time when making model transfers, three different approaches for adjusting costs were tested:
• making no adjustment to costs;
• reducing costs by the growth in GDP/capita over the transfer period; and • reducing costs by the growth in disposable income over the transfer period. The GDP/capita measure used was for the province of Ontario rather than the whole of Canada. GDP at the level of the Toronto area was not available. For three different base years (1986, 1996, 2006) transfers were made using each of these three approaches, and the fit to the two possible transfer datasets (the two years of data other than the base) was calculated under each of the three possible cost adjustment assumptions. The findings from these tests were:
• for specification B, with log and linear cost terms, adjusting by GDP/capita gave the best fit to the transfer data for three of the six possible transfers, adjusting by disposable income was best for one transfer, and applying no adjustment was best for two transfers; • for specification D, with a log cost term only, adjusting by GDP/capita gave the best fit for all six possible transfers; and • for specification E, with a linear cost term only, adjusting by GDP/capita gave the best fit for four of the six possible transfers, and applying no adjustment was best for the other two. Overall it was concluded that the best approach for adjusting the cost sensitivity over time was to reduce the cost sensitivity by the growth in GDP/capita over time. This approach has been used in all subsequent transferability tests reported. Four different years of TTS data are available for analysis, and models estimated from a given year can be transferred to the data for the three other years by using the models to make backcasts (i.e. predicting behaviour in earlier years) as well as forecasts. Therefore a total of 12 different transfers can be made, 6 forecasts and 6 backcasts, and any differences in transferability between backcasts and forecasts can be investigated. Transfers have been undertaken for model specifications A, B and C (except for transfers to/from the 2001 data, where only model specifications A and B can be estimated). The reference models used in the TI calculation are models with constants and tour distance terms by mode only, a specification which ensures that the reference model replicates the observed mode shares and the mean tour lengths by mode in the transfer dataset. Transfer year  1986  1996  2001  2006  1986 n/a 0.733 n/a 0.781 1996 0.796 n/a n/a 0.713 2001 n/a n/a n/a n/a 2006 0.764 0.743 n/a n/a
Examining the transferability index (TI) values for specification A first, the transferred models explain 40-70% of the behaviour explained by the model reestimated in the transfer context (relative to the reference model). Lower TI values might be expected for longer transfers but no consistent pattern emerges. Coming on to the TI values for specification B, the TI values are higher than those for specification A for each of the 12 transfers. Therefore improving the model specification with the addition of car availability terms has consistently improved the transferability of the models. There is no evidence that the models are more transferable when used to make forecasts than backcasts or vice-versa.
The TI values for specification C are consistently higher than those for specification B, and therefore the finding that transferability improves with model specification is again demonstrated for each possible transfer. Models estimated from 2001 dataset transfer noticeably worse to other years than the comparable models transfer to 2001.
Overall, the results demonstrate that transferability consistently improves with model specification. There is a general pattern of decreasing transferability with increasing transfer period, but the pattern is far from uniform. To summarise these results, Figure 2 presents the mean TI values by transfer period and model specification. 
Predictive tests of transferability
In addition to the statistical tests of transferability, it is also possible to assess the ability of the transferred models to predict the changes in mode share and tour length over the transfer period. As noted in Section 5.2, there are some differences between the treatment of modes between the 2001 data and the other datasets, and therefore to avoid these confusing the analysis the 2001 data was dropped from this analysis. Models estimated using specification C were used to make two sets of tests. First, 1986 models were used to predict the mode shares and tour lengths in 1996 and 2006. Second, 2006 models were used to predict the mode shares and tour lengths in 1996 and 1986. In practice, by definition forecasts do not look back in time. However, backcasting can be a useful approach for validating model performance and in the context of this particular analysis it provides additional data points to allow the robustness of the model estimated at a specific point in time to predict behaviour at a different point in time. The key change in mode share between 1986 and 1996 is the significant shift in mode share from transit to auto driver. It can be seen that the transferred model over-predicts this shift, and as a result the auto driver share is over-predicted in 1996, and the local transit share is under-predicted. The transferred 1986 model also under-predicts the transit share in 2006 8 . There is a slight increase in the observed walk share in the 2006 data which the transferred model is not able to predict. The increase in the walk share may be due to increased awareness of the importance of regular exercise, for example, and this sort of effect is not represented in the transferred model. Mean total tour lengths increased by 5.9 km between 1986 and 1996, but the transferred mode only predicts 45% of this increase. This under-prediction is observed for all three motorised modes. Mean total tour lengths remained more of less constant between 1996 and 2006, but the transferred model predicts a further increase between 1996 and 2006 and as result total tour lengths are predicted more closely in 2006 than in 1996. Forecasting back from 2006, the transferred 2006 model predicts the 1996 mode shares reasonably, though the change in the local transit share is again overpredicted, and the car passenger share is forecast to decrease when it actually increases. The 1986 mode shares are predicted less well, with the decrease in auto driver share over-predicted, and the increase in transit share over-predicted. This is consistent with the pattern of changes when forecasting forward from 1986, i.e. the models over-predict the extent of the switch from auto driver to transit over the 1986 to 2006 period, and in particular they over-predict the large shift over the 1986 to 1996 period. The walk share is consistently over-predicted when forecasting back from 2006. This illustrates how the transferability of a model is reduced when the alternative specific constant is not appropriate to the transfer context. The total tour length predictions illustrate that the transferred model predicts a 1.2km reduction in tour length between 2006 and 1996, whereas observed tour lengths actually increase by 0.5km, whereas between 2006 and 1986 tour lengths are observed to decrease by 5.3km but the transferred model only predicts a 2.7km reduction. In summary, the transferred models over-predict the key changes in mode share over the transfer period, but under-predict the key changes in tour length.
To forecast transport demands, a typical approach is to develop cross-sectional models that explain current behaviour, and then use these models for forecasting. The models often incorporate segmentation, so that the impact of changes in the composition of the population over time is accounted for. However, application of such models relies on the assumption that the parameters that describe behaviour in the base year can also be used to model behaviour. Thus the transferability of the model parameters over time is an important consideration, particularly for models applied over longer term forecasting horizons of 20 years or more. The focus of this research is on the temporal transferability of mode-destination choice models. The literature is generally supportive of the transferability of modechoice models over short-term forecasting horizons of up to 5 years, but the evidence for mode-destination models is limited (only two studies) as is the evidence for models applied over longer term forecasting horizons of 20 years or more (a single study). Therefore, further empirical evidence specific to modedestination choice models applied over longer term forecasting horizons would be valuable. The Toronto Transportation Tomorrow (TTS) data provides an idea dataset for testing model transferability over the longer term, as substantial well documented surveys have been undertaken in the same area at five year intervals over a 20 year period. The samples of home-work trips collected in the 1986, 1996, 2001 and 2006 TTS datasets across the Greater Toronto and Hamilton area have been used to make the transferability tests.
To perform tests of mode-destination choice model transferability, tests were made to compare three different model specifications so that the impact of improvement in model specification on transferability could be assessed. Analysis of changes in parameter values over time by four different groups of parameter types was undertaken. The comparisons demonstrated the level-ofservice terms to be most transferable over time, and for the mean differences in parameter values to increase with transfer period. This result is insightful because it suggests that policies whose main impact is travel time savings will be predicted more accurately than policies where the main impact is cost changes. The socioeconomic parameters also showed relatively small changes over time. The largest differences in parameter values were observed for the model constants, and therefore as expected these parameters are the least transferable over time. Thus explaining traveller's choices using behavioural parameters rather than constants would be expected to improve model transferability. Transferred models give a better fit to the transfer dataset if costs sensitivity is reduced to take account of growth in GDP/capita over time, rather than making no adjustment to cost sensitivity, or adjusting cost sensitivity by the growth in disposable personal income over time. This approach should be used when modedestination models are used to make forecasts of traveller behaviour.
The statistical tests of model transferability clearly demonstrate that improving model specification through the addition of socio-economic terms improves model transferability. The gain in model transferability in particularly marked when car availability parameters are added. The models were used to predict the changes in mode share and tour length over the 20 year period. The transferred models over-predicted the shift from transit to auto driver over the 20 year period, but under-predicted the observed increase in total tour lengths. There is substantial scope for future work, but this analysis has added important empirical evidence to the under-discussed issue of model transferability. An important step will be to conduct further analysis to investigate whether advanced models such as mixed logit mode-destination choice models are more transferable over time than the nested logit models tested so far. Another important avenue for future work is to repeat the analysis on data from other areas.
The following tables present the model parameter results for specifications A, B and C defined in Table 4 . To take account of differences in scale between the different years of TTS data, the 1996, 2001 and 2006 model parameters have been re-scaled by dividing the estimated parameter values by the relevant scale parameter from Table 5 . In each column, the parameter values are presented on the left and their associated t-ratios (the parameter value divided by the standard error) are presented on the right. -306,365.0 -365,942.4 -415,706.8 
